ABSTRACT This paper proposes a single-site positioning method for vehicular ad hoc network localization in urban canyon scenarios, where the global navigation satellite system does not provide the required positioning accuracy. The proposed method uses high-resolution estimations of both direction-of-arrival (DOA) and propagation path length (PL) to determine the vehicle position. First, the frequency-domain estimation of signal parameters via a rotational invariance technique algorithm is presented to get multipath DOA estimates, by dealing with the enhanced channel frequency response matrix. Second, the PL estimation is treated as a nonlinear fitting problem, in which the solutions are generated through some substitution means via Newton iteration. Such estimations are then fed to a weighted least squares estimator for calculating the final position estimate, which is robust against the noise and low signal-to-noise ratio. Simulation results show that proposed method surpasses the performance of existing single-site schemes.
I. INTRODUCTION
Localization service is emerging as an important feature of the modern intelligent transportation systems (ITS) [1] . To estimate vehicle locations, global navigation satellite system (GNSS) techniques are widely used for years. However, in urban canyon scenarios where satellite signals may typically be blocked, GNSS is not suitable for several crucial position-based applications (e.g., autonomous driving), due to the inadequate accuracy and availability [2] , [3] . To address this issue, the roadside unit (RSU) based localization technique is proposed as the alternative solution by means of the vehicular ad-hoc networks (VANETs). The RSU deployed on the roadside can cover the area where the GNSS signals blocked (i.e., the GNSS-free area), and establish vehicle-to-infrastructure (V2I) communications with vehicles among its communication range. In RSU-based VANET localization, each vehicle estimates its position exploiting the ranging measurements parameters transmitted from the nearby RSU, such as received signal strength (RSS), direction-of-arrival (DOA), time-of-arrival (TOA) and timedifference-of-arrival (TDOA) [4] - [6] .
Consider the deploying cost, RSUs are often distributed sparsely in VANET. This greatly limits the application of common trilateration or triangulation algorithms [6] , which need multiple RSUs (usually more than two) to get location estimates. Consequently, the single-site technique-in which only a single RSU is required in localization process-has been developed recently in the literatures [7] - [15] . These researches of the single-site technique are mainly based on the multipath fingerprinting, which exploits the multipath characteristics, derived from the signals received by the multiple-antenna receiver, to form the unique location fingerprint. The work in [7] focuses on the spatial fingerprint exploiting the DOA of multipath rays with wideband signals.
The power delay profile (PDP) based fingerprint is investigated in [8] , which uses measured PDPs as the fingerprint since the amplitudes and delays of multipath components create a unique position dependent signature. Triki et al. [9] and Oktem and Slock [10] improve the PDP based fingerprinting in many aspects, such as adopting the spatial information and Doppler shifts. The applicability of the PDP fingerprinting used for ultra-wideband (UWB) systems is studied by [11] , the positioning accuracy of this system is quite good due to the very high bandwidth of UWB. In [12] and [13] , the fingerprinting is extended by capturing both the spatial and temporal characteristics, which are extractable from the covariance matrix of the channel impulse response, using the uniform linear array (ULA) receiver. Furthermore, the algorithms are improved for lower complexity, by introducing the Maximum Discrimination method [14] . Above all, the main limitation of fingerprinting algorithms is that they require enormous measurements and a stable radio surrounding, the minor variety of environment between off-line and on-line phases may bring large location errors. However, the multipath channel parameter varies dynamically in the urban canyon environment. This may degrades the performance of multipath fingerprinting.
In this paper, we propose a single-site VANET positioning method, which directly uses the DOA and path length (PL) estimates to determine the vehicle position in GNSS-free environments. The proposed method implements the ULA receiver to exploit the estimates of DOA and PL parameters, obtained from orthogonal frequency division multiplexing (OFDM) beacon packets transmitted from a single RSU. And, it is noted that, the application of ULA has appeared in modern VANETs [16] , [17] . Further, to improve estimation accuracy of the above-mentioned parameters, we introduce high-resolution estimation techniques to the proposed single-site positioning method. There are a series of classical high-resolution algorithms for DOA, including the multiple signal classification (MUSIC), the joint angle-frequency estimation (JAFE) and the estimation of signal parameters via rotational invariance techniques (ESPRIT) [18] - [20] . However, little attentions have been attracted on the PL highresolution estimation. In this paper, we improve the classical ESPRIT algorithm to accommodate the channel frequency response (CFR) matrix, then the time cost of the DOA high-resolution estimation is reduced. We also establish the mapping of PL high-resolution estimation with the nonlinear fitting, and PL can be accurately estimated by solving the fitting problem. It is seen that, the proposed high-resolution algorithms for DOA and PL respectively exploit the spatial diversity and frequency diversity of the OFDM-ULA framework in the VANET. The detailed contributions of our work have been shown as follows.
1) We generalize ESPRIT to a frequency-domain ESPRIT (FD-ESPRIT) algorithm, exploiting the spatial diversity of array elements. FD-ESPRIT deals with the Hankel block form of the CFR matrix to obtain seasonable DOA estimates, meanwhile, the calculation of signal subspace dimension in ESPRIT is improved using an adaptive capturing parameter. 2) We derive the PL estimation as a nonlinear fitting problem, exploiting the frequency diversity provided among the OFDM subcarriers. Newton iteration is used to solve the problem and get PL estimates, while the ill-conditioned situation is also treated to make solutions trustable.
3) When DOA and PL estimates are both achieved, we proposed a weighted least squares (WLS) estimator to get the accurate position of the vehicle, by fusing acquired highresolution estimates and the vehicle movement model.
4) The Monte Carlo simulations are conducted through a VANET scenario under IEEE 802.11p standard, the results show that performance of the proposed method outperforms the existing single-site algorithms.
The rest of the paper is organized as follows. Section II presents the model of the positioning system. In Section III, we give the details of the proposed positioning method. Finally, the simulation results are given in Section IV, conclusions are drawn in the last section.
Notation: In this paper, matrices and vectors are denoted by the boldfaced capital and lowercase letters, respectively. The superscripts (·) T and (·) H represent transpose and conjugate transpose, respectively. diag (x) denotes the diagonal matrix whose diagonal elements are the entries of x. The modulus of a complex number is written as |·|, while the Euclidean norm of a vector is written as · . Re {·} denotes the real part and Im {·} denotes the imaginary part.
II. SYSTEM MODEL
Assume a general VANET deployed along a certain road segment, a RSU is placed on the roadside with a priori position information and transmits beacon packets via fixed frequency f s to vehicles within its communication range. Each vehicle equips with an M -element ULA receiver, orthogonal to the vehicle heading, which can receive beacon signals transmitted from RSU using V2I communications. Fig. 1 shows the reference localization scenario in VANET, the propagation PL and DOA information between RSU and target vehicle is depicted with regard to the beacons. Suppose there are P propagation paths made through reflections between the RSU and target vehicle, from which let one be line-of-sight (LOS) and the other paths are non-line-ofsight (NLOS). Without loss of generality, we restrict our attention to the planar positioning. Let solid line represent the VOLUME 6, 2018 LOS paths, dashed line represent the NLOS paths, the signal receiving pattern using ULA is depicted in Fig. 2 . If we use the preamble of OFDM frames to measure the channel information on the receiving ULA, then the least square estimation of CFR in kth subcarrier and mth antenna is described as [21] 
where γ p , τ p and θ p represent the propagation gain, delay and the DOA of pth path, respectively. e −j2πf k τ m( θ p) indicates the array response of the mth antenna,
denotes the propagation time difference of the impinging wave between mth antenna and the reference antenna. Parameter l is the distance between adjacent antennas, c is the speed of light. f k = f c + k f represents the frequency of kth subcarrier, in which k = 0, 1, . . . , K -1, f c is the carrier frequency, and f is the subcarrier spacing. w m,k denotes additive white Gaussian noise with mean zero and variance σ 2 w . Generally, γ p is modeled independent for different paths, but when the spacing between adjacent subcarriers is larger than the coherence bandwidth, the subcarriers are also fading independently [22] , so we replace γ p with γ k,p in this paper. Meanwhile, due to effect of time delay across antenna elements is much smaller than the path delay, after proper approximation, the estimated CFR can be rewritten as.
Consider l is usually equal to half-wavelength of the incident signal, we have l = c 2f c . As a result, e −j2πf c mτ (θ p ) is then simplified as e −jmπsinθ p .
III. PROPOSED SINGLE-SITE POSITIONING METHOD
In this section, the single-site positioning method is proposed involving three effective estimation stages: the DOA, PL and location estimation. The first stage estimates DOA applying the FD-ESPRIT algorithm, which extracts DOA from the enhanced CFR matrix, exploits the spatial diversity with antenna elements in space dimension. The second stage identifies PL using a nonlinear fitting function, which exploits the frequency diversity with OFDM subcarriers in frequency dimension. The last stage puts the estimated DOA and PL measurements into a WLS estimator, to finally get the accurate vehicle location estimates. Fig. 3 shows the block diagram of the proposed method, and more algorithm details will be presented in the following subsections.
A. DOA ESTIMATION USING FD-ESPRIT ALGORITHM
FD-ESPRIT algorithm is proposed in this subsection, which is the extension of ESPRIT into frequency-domain to achieve more accurate and seasonable estimates of multipath DOA. Compared with traditional high-resolution algorithms, FD-ESPRIT does not need multiple snapshots in timedomain, hence it is efficient computational for real time implementation in VANET.
To derive the FD-ESPRIT algorithm, we describe the estimated CFR measurements discrete in frequency-domain
T means kth column of the CFR matrix, then the vector form is shown
where
1) MATRIX ENHANCEMENT
The classical ESPRIT algorithm is based on the covariance matrix of multiple snapshots, however, the FD-ESPRIT can use only one sampling to build up a frequency sampled covariance matrix R xx , which greatly reduces the time cost. The sampled covariance matrix is defined by
Same as conventional high-resolution algorithms, if the FD-ESPRIT directly uses R xx , the number of antenna elements is required to be no less than the number of propagation paths, i.e. M ≥ P, to ensure that the rank of sampled covariance matrix exceeds than P, or the dimension of the matrix is not enough to estimate the multipath DOAs 1 . To overcome this limitation, the matrix enhancement approach is used to handle the estimated CFR matrix in the proposed FD-ESPRIT. Due to the fact that partitioning the matrix into several parts and stacking them may make the rank larger [23] , the partition and stacking process is utilized to the CFR matrix, then an enhanced Hankel block matrix is established, which can be written as
where the matrix element Z m is the Hankel matrix and each column of Z m is a windowed part of the estimated row in X:
The parameters Q and R are called pencil parameters, which could be adjusted to increase the estimation accuracy. From the investigation of [25] , for making the rank of Z e equals P, the values of these parameters should be satisfied as
After the partition and stacking processing, the matrix need to be handled in FD-ESPRIT is transferred from the covariance matrix R xx to the Hankel block matrix Z e , and is also built up using only one sampling in time-domain. This will effectively improve the rank condition, then the DOA estimation can be implemented with less antenna elements, which enhances the applicability of the FD-ESPRIT algorithm.
2) EXTRACTING THE DOA PARAMETER
The proposed FD-ESPRIT algorithm uses the singular value decomposition (SVD) processing to obtain the signal subspace, such that
where signal matrix U s = [u 0 , u 1 , · · · , u P−1 ] refers to P singular vectors spanning the signal subspace, and noise matrix U n = [u P , u P+1 , · · · , u M −1 ] contains M -P singular vectors (V s and V n represent the same meaning as U s and U n ). The largest P singular values of s = diag(λ 0 , λ 1 , · · · , λ P−1 ) correspond to U s , while other values n = diag(λ P , λ P+1 , · · · , λ M −1 ) corresponding to U n . Similarly to ESPRIT [20] , FD-ESPRIT also deals with the signal matrix along the spatial diversity in space dimension, using two submatrices U 1 and U 2 , where the last and the first row of U s are deleted, respectively. We factorize them as U 1 
where the superscript '+' denotes the Moore-Penrose Pseudo-inverse, ϕ p represents the eigenvector lying in the null-space of U + 1 U 2 − ξ p I and the eigenvalue ξ p = e −jπsinθ p . We can get the DOA estimates
where arg( * ) means the function of computing phase angle.
3) SIGNAL SUBSPACE DIMENSION ESTIMATION
The dimension of signal subspace P needs to be determined in FD-ESPRIT algorithm. It's found that classical techniques such as minimum descriptive length (MDL) [25] are sensitive to the low signal-to-noise ratio (SNR), therefore, we propose a robust technique here to estimate the subspace dimension more accurately, using an adaptive threshold. A typical profile of SVD to the data matrices is that the numerous low energy reflections make little contribution to the signal subspace, compared with dominant reflections. Based on this profile, we utilize the following expression to capture dominant reflections, which is p = min I , s.t.
In (10) σ is the adaptive threshold controlling the signal energy which the large singular values capturing. T = λ M −1 λ 0 and {λ 0 ≥ λ 1 ≥ · · · ≥ λ M −1 } denotes singular values obtained from SVD with descending order. T H represents the threshold which σ varies from linear to constant, it usually takes close to zero, say, to 0.05. n 1 and n 2 are empirical parameters acquired from several testing data. The motivation of using the adaptive threshold comes from our observations that the logarithm of T follows a linear relationship with SNR. When SNR increases, log(T ) becomes smaller, and σ should get larger accordingly, but has an upper limit.
B. PL ESTIMATION USING NONLINEAR FITTING
After estimating the DOA, we transform estimated CFR into a frequency-domain path information matrix = [a 0 , a 1 , · · · , a K −1 ], which provides frequency diversity to achieve the high-resolution estimation of PL. Since the estimation of multipath poles ξ p are determined, omitting the noise term, the kth column of the estimated CFR matrix can VOLUME 6, 2018 be rewritten as
(12) can be derived from (3), and the estimated vector
T is then achieved from the complex least square solution of (12)
The intuition of the claim is that, each element of the path vector obtained in (13) contains the complex path fading component γ k,p and the phase component e −j2πf k τ p . To describe the CFR fading of OFDM signals, we rewrite the propagation expression in [22] as γ k,p = ηf
p , where η = c/4π, ρ p and d p denote the environmental factor and the length of pth path, respectively. As a result, elements of a k for pth path and kth subcarrier can be expressed as
Due to the differences of fading characteristic at different subcarriers, assuming K ≥ 2P (this assumption is valid in most actual scenarios), we find the estimation problem of parameters ρ p and d p in (14) is overdetermined, therefore, the frequency diversity could be exploited to estimate the PL information. We fit γ k,p with the estimated parameter γ k,p , which is obtained from (13) , following the least square method, and the PL estimation could be formulated as a nonlinear fitting problem, while the objective function is defined as
is the vector of un-determined parameters. µ k (q) denotes the individual fitting errors for each subcarrier, which can be written as
The final solution of the fitting function contains the PL estimates d p .
2) ESTIMATING LOS PATH LENGTH
Due to the trigonometric portion, the present fitting function is not in a good shape to achieve acceptable solutions. If numerical iteration methods are applied, d p may have multiple possible solutions since the periodicity of trigonometric functions, therefore, iteration results can hardly be trusted if the initial value is not chosen within a reasonable range. Moreover, in the fitting function the ρ p d −1 p portion is the dominance part and causes an ill-conditioned situation, which implies that a small change in the input will result in a large change in the solutions. Such solutions are considered poor due to the certain errors of the input.
For improvements, consider the phase of γ k,p is in the range of [−π, π], thus the phase difference of the path information between adjacent subcarrier is used here as the input of fitting function, to make sure the input phase of γ k,p can be consistent with the phase of γ k,p , in the same range. (16) is modified as
2 (17) where
is the new vector comprising of required PL parameters, the objective function is then rewritten as
, which has a good form without trigonometric portions. We then implement the Newton iteration, gives an initial value d (t) , the fitting errors µ d (t) can be calculated for each subcarrier, and the Newton direction is solved from
where ∇F d
= (∂∇F d (t) /∂d j ) P×P denotes the Hessian matrix. Note that the condition number of the Hessian matrix here is 1, which is low enough to make the matrix wellconditioned. The required PL estimation d is considered as the minimum value in iteration output d * . In addition, the DOA estimation θ extracted from ξ p corresponding to d in (12) is the required DOA for LOS path.
C. LOCATION ESTIMATION USING WLS ESTIMATOR
T represent the position vector of the RSU, which is known to the system. To estimate the position of target vehicle, a two steps method has been proposed. First, the DOA and PL measurements of LOS path estimated from the high-resolution estimations are used directly to calculate an initial position of target vehicle, p 0 = [x 0 , y 0 ]
T . As seen in Fig. 4 , the position calculation is expressed as
In (19) ,θ = θ +θ %(2π ) represents the angle between the impinging wave and the positive x axis, % represents the modulo operator. θ andθ denote the DOA estimation and heading angle, respectively. Let [v x , v y ]
T represent the velocity vector of vehicle, which is known from the onboard odometer. The heading angle can be described asθ = arctan v y v x . Since the initial position calculated from (19) suffers from the channel noise and estimating errors, usually its precision is not high enough, especially in low SNR situations. Then, to further improve the localization performance, a weighted least square (WLS) estimator is proposed to deal with the initial position, and to get the final estimate of vehicle position.
Let {t k |k = 0, 1, · · · } be the time instants when the beacon packets arrive the receiving ULA of target vehicle, in which the first beacon is received at time instant t 0 . We then use
T to represent the vehicle positions at time instants t 0 and t k , respectively (k ≥ 1). It is reasonable to assume that the velocity of the target vehicle remains approximately constant during each time
T represent the vehicle velocity for [t k , t k+1 ), then the following kinematic model is adopted
where t denotes the length of time interval, and it is a constant equal to the reciprocal of the send frequency f s . It is shown in (20) that for the vehicle position at any time instant, only the position vector p(t 0 ) is unknown. Thus the estimation problem could be addressed by following WLS estimator
T is the initial position calculated from the DOA and PL measurements at t i , p(t i ) is the position vector given by (20) . S N R i denotes the measured SNR at t i from the received signals. Using SNR as the weight term stems from the fact that, the accuracy of highresolution estimation is positively correlated to the received SNR (see Fig. 6 in Section IV). According to some algebraic derivations, the estimated p
T is obtained from the least square solution, i.e.,
At last, the final estimates of the vehicle position at time instant t k can be written as
Note from (21)- (24), the WLS estimator has effectively fused the information of initial positions (from the high-resolution estimation) and vehicle velocities (from the onboard odometer) up to t k , to generate the final estimates more accurately than the initial position estimates. The proposed WLS approach neither need to know the variance distribution of measurement errors, nor to work under the assumption of Gaussian distributed measurement noise, so it is conveniently applied in the VANET scenarios. Hence, the velocity errors will be considered in the simulation section.
IV. SIMULATION AND ANALYSIS
In this section, we conduct some simulations to illustrate the performance of the proposed positioning method. The simulations for this work are implemented by MATLAB (2015b). Consider a 2-D coordinates system, where the simulation area is the 500 m ×10 m segment of a straight road with two lanes. The RSU is located at (250, 15), the vehicle drives along the middle line of the second lane from (0, 2.5) to (500, 2.5), at each of 10000 trials of the Monte Carlo simulation. The beacon signal utilized in simulations is the Long Training Sequence of the preamble of 802.11p packets, employed in each transmitted OFDM packet [17] . According to [17] , the carrier frequency f c = 5.9 GHz, the transmit power P T = 18 dBm. The send frequency of the beacons is set to f s = 10 Hz. The path fading is generated from the complex Gaussian distribution with variance σ 2 f = 0.35, where the path gain is calculated from the free space path loss model based on the corresponding length of each path. The power spectral density of the additive noise is σ 2 w = N 0 2. For simulating the possible variations typical of the dynamic urban scenario, the driving route is equally divided into three paths, marked as L1, L2 and L3, respectively. The vehicle proceeds at a uniform acceleration for path L1 (the velocity varies from 0 to 50 km/h), then proceeds at a constant velocity 50 km/h for path L2, and finally decelerates uniformly until reaching 0 km/h for path L3. The odometer measurement error is modeled as a Gaussian variable with zero mean and standard deviation equal to 10% of the vehicle velocity. The simulation scenario is illustrated in Fig. 5 .
The proposed method is compared with two classical single-site fingerprinting methods described in [12] -ML method and SP method. In these methods, both the fingerprint databases are built as the rectangular grids with separations of 5 m and 2 m, corresponding to the number of database points L = 99 and 747, respectively. The detailed simulation parameters is shown in Table 1 . The positioning performance is evaluated by the root-mean square error (RMSE) and the cumulative distribution function (CDF) of location errors L e = {l e (t k ) , k = 0, 1, · · · , T }, where l e (t k ) is defined by the Euclidean distance between every estimated location and corresponding actual location of the target vehicle at time instant t k .
In our simulations, we first validate the high-resolution estimations proposed in Section III-A and III-B, by evaluating the localization results without WLS (calculated from (19) ), which are directly obtained using joint DOA and PL estimates. Fig. 6 shows the RMSE comparison between the proposed method without WLS and the single-site fingerprinting methods. In these figures, the effects of received SNR and antenna number on the positioning performance of the methods are indicated respectively. As seen in Fig. 6 (a) , the RMSE of the proposed method without WLS estimator is 0.12 m at minimum and 12.77 m at maximum when SNR varies from 10 dB to 45 dB, which is smaller than the compared methods. Although the SP method has higher accuracy than ML method, the performance of fingerprinting methods is worse than the proposed method regardless of the SNR changing, even without the applying of WLS estimator. This is mainly due to the fingerprint ambiguity caused by the environment and the matching errors, especially in the situation of less database points. Note that the separation of 2 m in fingerprint database is rather dense in view of the practicability of fingerprinting methods. Although denser grids may lead to much higher accuracy, users face the exponential increasing in the computing complexity, which makes the algorithm hard to implement. In Fig. 6 (b) , the RMSEs of all methods are shown to be decreasing when antenna number increases, since the higher space dimensionality provides better estimates both in DOA estimation of high-resolution method and in multipath fingerprint generation of the fingerprinting methods. The RMSE of the proposed method without WLS is 1.80 m at minimum and 0.18 m at maximum while M ∈ [4] , [12] and SNR = 30 dB, it is seen to be better than the compared fingerprinting methods.
We then show the comparison of the proposed methodboth with and without WLS estimator-and the SP method with L = 747, which has the best performance in compared methods. Fig. 7 illustrates the distribution of estimated SNR during the whole driving trail. It is noted that the SNR realizations are low at large transmitting distance, this is reasonable due to the shadowing and multipath fading. Affected by the varying of SNR, the performance of the proposed method without WLS and SP method are poor when vehicle is far from the RSU. Fig. 8 and 9 show such variation tendency when M = 8 in terms of RMSE and CDF, respectively. Remarkably, by using the WLS estimator, the proposed method is robust in low SNR environments, and significantly outperforms the compared methods in most parts of the simulated trail. This is due to the modification of the vehicle motion model to the positioning results acquired from the high-resolution estimation. In particular, 90% of the vehicle position estimates have errors less than 3 m using the proposed method with WLS, however, only 57% of position estimates using the SP method have errors less than 3 m.
V. CONCLUSIONS
In this paper, we proposed a VANET localization approach based on the high-resolution estimation of DOA and PL parameters using a single RSU in GNSS-free environments. FD-ESPRIT algorithm and the nonlinear fitting analysis are proposed to design two effective estimations, exploiting spatial diversity and frequency diversity of OFDM-ULA systems, respectively. In DOA estimator, we achieve DOA estimates from the enhanced CFR matrix, and propose a robust determining approach of subspace dimension. While in PL estimator, trustable solutions are generated through improvement Newton iteration. At last, a two steps method is proposed to calculate the final position estimate by using a WLS estimator, fusing the information of high-resolution estimations and motion model. According to simulation results, our scheme outperforms the multipath fingerprinting schemes, especially under low SNR situations.
